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bsh % Delphi delphilIC =
new Delphi (ds, RecommendationType.ITEM CONTENT_ BASED) ;

bsh % delphiIC.setVerbose (true);
bsh % ContentItem bizl = ds.pickContentItem("biz-01.html");
bsh % delphiIC.findSimilarItems (bizl);

Items like item biz-01.html:

name: biz-03.html , similarity: 0.600000
name: biz-02.html , similarity: 0.600000
name: biz-04.html , similarity: 0.100000
name: biz-07.html , similarity: 0.100000

bsh % ContentItem usal = ds.pickContentItem("usa-01.html");
bsh % delphiIC.findSimilarItems (usal) ;

Items like item usa-01.html:

name: usa-02.html , similarity: 0.300000
name: usa-03.html , similarity: 0.300000
name: world-03.html , similarity: 0.100000
name: world-05.html , similarity: 0.100000
name: usa-04.html , similarity: 0.100000

bsh % ContentItem sportl = ds.pickContentItem("sport-01l.html");
bsh % delphiIC.findSimilarItems (sportl) ;

Items like item sport-01.html:

name: sport-03.html , similarity: 0.400000
name: sport-02.html , similarity: 0.300000

Figure 3.7 Items that belong in the same category as the query item are correctly identified as similar.

bsh % Delphi delphiUIC = new Delphi (

ds, RecommendationType.USER_ITEM CONTENT_BASED) ;
bsh % delphiUIC.setVerbose (true) ;
bsh % delphiUIC.recommend (nul) ;

Recommendations for user Bob:

Item: biz-06.html , predicted rating: 2.500000
Item: biz-04.html , predicted rating: 1.500000
Item: usa-02.html , predicted rating: 0.500000
Item: world-03.html , predicted rating: 0.500000
Item: world-05.html , predicted rating: 0.500000

Figure 3.8 We obtain item recommendations based on the content that’s associated with the user Bob.

number of items. The content-based approach isn’t widely used, but it does have cer-
tain advantages and can be used in combination with collaborative filtering to
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improve the quality of the recommendations. Usually, production systems employ a
combination of these techniques. Let’s look at the concept of combining recommen-
dation engines.

Recommending friends, articles, and news stories

In this section, we present a more realistic example that’ll help us illustrate combining
the techniques that we’ve discussed so far. We’ll work with a hypothetical website
whose purpose is to identify individuals with similar opinions, articles with similar
comments, and news stories with similar content. Let’s call our website
MyDiggSpace.com. As the name suggests, the site would use the Digg API to retrieve
the articles that you submitted through your Digg account (information about your
Digg account could be provided upon registration). Then it would identify and pres-
ent to you stories similar to the ones that you “dug.” In addition, it would allow you to
rate the stories that you read, so that in the future the system can sharpen its selection
of recommended stories based on your feedback. As if that weren’t enough, the site
would present you with groups of common interest that you can join if you’d like, thus
facilitating social interaction with similar minded individuals.

Introducing MyDiggSpace.com

Let’s take the steps of building such a site one by one. True to our promise in the
introduction, we won’t address issues such as the design of the UlI, persistence, and
other important engineering components. To keep things interesting, we’ll use the
Digg API to retrieve data and make our example more realistic. First, we need to
explain that Digg is a website (http://digg.com/) where users share content that
they’'ve discovered anywhere on the Web. The idea is that content isn’t aggregated by
editors who know what’s best for you (or not), but from the users themselves. Whether
the item that you want to talk about comes from a high-profile commercial news out-
let or an obscure blog, Digg will let you post your selections and let the best content
be revealed through the votes of the participating users.

The Digg APT allows third parties to interact programmatically with Digg. Most of the
data that lives in the Digg website is available through the API. You can get lists of stories
based on popularity, time, or category (topic of discussion). We’ve written a set of wrap-
per classes that use the Digg API, and you can later extend them for your own purposes.

We’ll build the dataset of MyDiggSpace.com by executing several simple steps.
First, we’ll collect the top stories from each category in Digg. This will create a list of
users and a list of stories (items) for each user.

For each story of each user, we ll identify 10 stories that were submitted by other users,
based on the content similarity between the stories. In other words, we’ll create a con-
tent-based item-item recommendation engine and we’ll find the top 10 similar stories.

To complete our dataset, we pretend that the users provide ratings for these stories
and therefore we assign a random rating for each story. The assigned rating follows
the same convention that we used in our earlier examples—the users whose names
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start with the letters A through D assign ratings that are equal to either 4 or 5; the rest
of the users assign ratings that are equal to 1, 2, or 3.

The purpose of this example is to introduce you to the concept of combining the
results of different recommendation engines in order to get better results than any
one engine alone could give you. This appears to be a wise practice across an area of
applications that’s much wider than recommendation engines. Later in the book,
we’ll talk about combining the results of classification engines. This example is the
prelude to a broad and promising field. It also contains a bigger message that we want
to convey in this book—the importance of the synergy of various elements of intelli-
gence in delivering high-quality results for real applications.

Finding friends

Let’s run our script, as shown in listing 3.15, and get in action with the hypothetical
MyDiggSpace.com data.?

BaseDataset ds = DiggData

.loadDataFromDigg ("C:/iWeb2/data/ch03/digg stories.csv"); Save data
// BaseDataset ds = DiggData from Digg
[CA] .loadData ("C:/iWeb2/data/ch03/digg stories.csv") ; <— Or load local data
iweb2.ch3.collaborative.model.User user = ds.getUser (1) ; <— Pick user
DiggDelphi delphi = new DiggDelphi (ds) ; <— Create instance of recommender
delphi.findSimilarUsers (user) ; <— Find similar users
delphi.recommend (user) ; <— Recommend stories

Similar users could be presented on a side panel, for example, as the user is reviewing
her stories. The recommended stories could also be presented in a special panel and,
in order to improve our recommendations for each user, we could use a click-based
approach similar to the one described in chapter 2. We could also offer the ability to
rate each recommended story in order to achieve an even higher level of confidence
in the user’s preferences. We’ll discuss these improvements in a bit, but first, let’s look
at the results that our script produced while we were writing the book.

We collected 146 items (stories) from 7 categories, for 33 users; you can control the
number and the content of categories in the class iweb2.ch3.content.digg.Digg-
Category. For these users, we’ve assigned 811 item ratings. For each user, the selection
of items and the ratings are random, except that we follow the same convention that
we used before in terms of clustering the ratings based on the initial letter of the user-
name. The minimum number of ratings that a user has made on that set is 7, the max-
imum is 31, and the median is 26.

2 Disclaimer: The data that the script enables you to collect is publicly available. Obviously, we can’t be respon-
sible for the content that may be retrieved when you run our example. Our goal is to provide a working exam-
ple of using the Digg API and demonstrate how you can do something useful with it.
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THE TRIANGULATION EFFECT
Figure 3.9 presents the set of similar users for the first user (adamfishercox) on our
list, then the similar users for his most similar user (adrian67), then the similar users
for a user who’s similar to adrian67 (although not the most similar), whose username
is DetroitThangl. An interesting observation can be made about the data in fig-
ure 3.9, which may or may not be obvious. User amipress is in the top five similar
users of adamfishercox but isn’t in the top five similar users of adrian67. And yet,
amipress is in the top five similar users of DetroitThangl with a similarity score 0.7,
which is almost equal to the similarity score that we found between amipress and
adamfishercox. Interesting, isn’t it? We call this the triangulation effect and it shows us
that there are second-order effects that can be leveraged and improve the accuracy—and
thereby effectiveness—of our recommendations.

Let’s further clarify this point by using the data from figure 3.9. The user adamfish-
ercox is related to adrian67 by rank 1 and a similarity score equal to 1; the user ami-
press is related to adamfishercox by rank 2 and a similarity score (approximately)

bsh % delphi.findSimilarUsers (user) ;
Top Friends for user adamfishercox:

name: adrian67 , similarity: 1.000000
name: amipress , similarity: 0.666667
name: dvallone , similarity: 0.500000
name: cosmikdebris , similarity: 0.500000
name: cruelsommer , similarity: 0.500000

bsh % iweb2.ch3.collaborative.model.User u2 =
ds.findUserByName ("adrian67") ;

bsh % delphi.findSimilarUsers (u2) ;

Top Friends for user adriané7:

name: adamfishercox , similarity: 1.000000
name: dvallone , similarity: 1.000000
name: ambermacbook , similarity: 1.000000
name: DetroitThangl , similarity: 0.800000
name: cruelsommer , similarity: 0.750000

bsh % iweb2.ch3.collaborative.model.User u3 =
ds.findUserByName ("DetroitThangl") ;

bsh % delphi.findSimilarUsers (u3) ;

Top Friends for user DetroitThangl:

name: adriané7 , similarity: 0.800000
name: cosmikdebris , similarity: 0.750000
name: amipress , similarity: 0.700000

Figure 3.9 Finding similar users and the triangulation effect on a random Digg dataset
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equal to 0.67. The rank of user amipress in rela- (" ) [067] {User2)
tion to adrian67 is 7 and their similarity is equal Lv—/
to 0.57. We show these relationships graphically

) . (1) 1.00] (7) [0.57]

in figure 3.10, where adamfishercox is User 1,
amipress is User 2, and adrian67 is User 3.

The number inside the parentheses is the

relative ranking, and the number inside the  Figure3.10 The triangulation effect and

brackets is our similarity score; the base of the . .
relative ranking
arrow refers to the user for whom we seek to

the opportunity for improvement of the

find similar users. The arrow that connects User 3 with User 2 has a dotted line to
depict the relationship that we can improve based on the information of the other

relationships (arrows drawn with solid lines).

The inner workings of DiggDelphi

Now, let’s look at the code that created these recommendations. Listing 3.16 presents

the code from the class DiggDelphi.

public class DiggDelphi {
private Dataset ds;

private Delphi delphiUC;
private Delphi delphiUIC;
private Delphi delphiUR;
private Delphi delphiIR;

private boolean verbose = true; Initialize various
public DiggDelphi (Dataset ds) { recommendation engines
this.ds = ds;

delphiuC =

new Delphi (ds, RecommendationType.USER_CONTENT BASED) ;

delphiUIC =

new Delphi (ds, RecommendationType.USER_ITEM CONTENT BASED) ;

delphiUR = new Delphi (ds, RecommendationType.USER BASED) ;

delphiIR = new Delphi (ds, RecommendationType.ITEM BASED) ;

}
public SimilarUser[] findSimilarUsers (User user, int topN) {

List<SimilarUser> similarUsers =
new ArraylList<SimilarUsers () ;

similarUsers.addAll (
Arrays.asList (delphiUC.findSimilarUsers (user, topN))) ;

similarUsers.addAll (
Arrays.asList (delphiUR.findSimilarUsers (user, topN))) ;
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return SimilarUser.getTopNFriends (similarUsers, topN) ;

}

public List<PredictedItemRating> recommend (User user, int topN) { C)

List<PredictedItemRating> recommendations =
new ArraylList<PredictedItemRatings> () ;

recommendations.addAll (delphiUIC. recommend (user, topN)) ;
recommendations.addAll (delphiUR.recommend (user, topN)) ;
recommendations.addAll (delphiIR.recommend (user, topN)) ;

return PredictedItemRating
.getTopNRecommendations (recommendations, topN) ;

}

We want to find similar users based on user-based and user-content-based similari-
ties @ and recommend stories based on user-item-content-based, user-based, and
item-based similarities @.

As you can see, in the method findSimilarUsers, we take the simplest approach
of combining the lists of similar users—we add all the results in a list and sort the
entries based on their similarity score (that happens inside the getTopNFriends
method). We use the content-based approach, through the delphiUC instance, and
the user-to-user similarity based on rankings approach (collaborative filtering),
through the delphiUR instance. Note that the similarities between these two recom-
mendation engines aren’t in any way normalized. This means that the results will be a
bit mixed up, even though we ordered them.

To understand this point better, think of a list that’s made up of 20 bank accounts.
If 10 of the accounts are in U.S. dollars and the other 10 are in euros, sorting a list that
contains both of them based on their total amount won’t make perfect sense unless
we express them all in U.S. dollars or in euros. Nevertheless, the accounts that contain
little money would still be at the bottom of the list, while the accounts that contain a
lot of money would be at the top; the ordering just won’t be exact.

Our analogy with the currencies, although illuminating, oversimplifies a major dif-
ference between the two cases. The normalization between currencies is well under-
stood and straightforward. If I want to convert 100 U.S. dollars into 100 euros then I'd
use the exchange rate between these two currencies to get the nominal value of 100
U.S. dollars into euros. In reality, if you want to get euros in your hands (or in your
bank account), you have to pay the bank a commission fee, but your normalization
formula is still extremely easy. Unfortunately, user similarities and recommendation
scores aren’t as easily susceptible to normalization. Combining recommendation
engine scores is as much an art as it is a science. Ingenious heuristics are often used,
and machine learning algorithms play an important role in creating an information
processing layer on top of the initial recommendations.

Figure 3.11 shows the results of naively combining the recommendations from three
different approaches, for the three users that we’ve examined so far. As shown in the
method recommend of listing 3.16, we create a list that contains recommendations that
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bsh % delphi.recommend (user) ;
Recommendations for user adamfishercox:

Item: Lumeneo Smera: French Concept of Car and MotorCycle,
predicted rating: 5.0

Item: Bill Gates to Congress: Let us hire more foreigners -

CNET N, predicted rating: 5.0

Item: The Best Tools for Visualization, predicted rating: 5.0
Item: Coolest Cubicle Contest, Part Three, predicted rating: 5.0
Item: Bush: Telecoms Should Be Thanked For Their Patriotic
Service, predicted rating: 5.0

bsh % delphi.recommend (u2) ;
Recommendations for user adriané7:

Item: Can women parallel park on Mars?, predicted rating: 5.0
Item: Coast Guard loses a few flares and ..., predicted rating:
5.0

Item: 10.5.2 released, predicted rating: 5.0

Item: They are all hot!, predicted rating: 5.0

Item: 11 Greatest Basketball Commercials Ever Made, predicted
rating: 5.0

bsh % delphi.recommend (u3) ;
Recommendations for user DetroitThangl:

Item: The Best Tools for Visualization, predicted rating: 5.0
Item: Coolest Cubicle Contest, Part Three, predicted rating:
5.000000

Item: Stink Films comes correct with 3 Adidas Original Films,
predicted rating: 5.0

Item: The Power Rangers Meet The Teenage Mutant Ninja Turtles,
predicted rating: 5.0

Figure 3.11 A sample of the results from the combination of three different recommendation engines

stem from a user-item content-based recommender, a user-user collaborative filtering
recommender, and an item-item collaborative filtering recommender.

These are good results, in the sense that the recommended ratings are all fives as
we’d expect due to our artificial bias on the ratings—the users whose names start with
letters A through D always give a rating of 5 or 4. Remember that we said it’s possible
that the lack of normalization among the similarities is favoring one recommender
over the others. We need a mechanism that will allow us to consider the recommenda-
tions of the various engines on an equal footing.

Look at the implementation of the recommend method shown in listing 3.17, which
takes these concerns into consideration. The first step is to normalize all the pre-
dicted ratings, taking as reference the maximum predicted rating for the user across
all recommendation engines. We also introduce an ad hoc threshold that eliminates
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recommendations whose predicted ratings are below a certain value. Let this be your
first exposure to the interesting subject of accounting for the cost of bad recommen-
dations. In other words, our threshold value (however artificial) sets a barrier for the
predicted ratings that our recommendations must exceed before they're seriously
taken into consideration.

The last part of that implementation consists of averaging all the predicted ratings
for a particular item in order to get a single predicted rating. This is a valid approach
because we’ve normalized the ratings; without normalization, the averaging wouldn’t
make much sense. If a particular recommendation engine doesn’t rate a particular
item then the value of the rating would be zero, and therefore the particular item
would be pushed further down in the list of recommendations. In other words, our
approach combines averaging and voting between the predicted ratings of the recom-
menders. Once the combined score has been computed, the recommendations are
added in a list and the results are sorted on the basis of the new predicted rating.

public List<PredictedItemRating> recommend (User user, int topN) {

List<PredictedItemRating> recommendations =
new ArrayList<PredictedItemRatings () ;

double maxR=-1.0d;

double maxRatingDelphiUIC =
delphiUIC.getMaxPredictedRating (user.getId()) ;

double maxRatingDelphiUR = Max predicted
delphiUR.getMaxPredictedRating (user.getId()) ; ratings by
recommender

double maxRatingDelphiIR =
delphiIR.getMaxPredictedRating (user.getId()) ;

double[] sortedMaxR =
{maxRatingDelphiUIC, maxRatingDelphiUR, maxRatingDelphiIR};

Arrays.sort (sortedMaxR) ; Max predicted rating

maxR = sortedMaxR[2] ; 4—‘ maxR is max across recommenders

// auxiliary variable predicted rating

double scaledRating = 1.0d;

// Recommender 1 -- User-to-Item content based

double scaling = maxR/maxRatingDelphiUIC; Create scaling factor

//Set an ad hoc threshold and scale it for each engine
double scaledThreshold = 0.5 * scaling;

List<PredictedItemRating> uicList =
new ArraylList<PredictedItemRatings> (topN) ;
uicList = delphiUIC.recommend (user, topN) ; Get recommendations

for (PredictedItemRating pR : uicList) { from each engine

scaledRating = pR.getRating(6) * scaling;
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if (scaledRating < scaledThreshold) {
uicList.remove (pR) ;
} else {
PR.setRating(scaledRating) ;
}
}

// Recommender 2 -- User based collaborative filtering
scaling = maxR/maxRatingDelphiUR;

Create scaling
factor for each

scaledThreshold = 0.5 * scaling;

List<PredictedItemRating> urList =
new ArrayList<PredictedItemRatings> (topN) ;

urList = delphiUR.recommend (user, topN) ; <

for (PredictedItemRating pR : urList) {
scaledRating = pR.getRating(6) * scaling;

if (scaledRating < scaledThreshold)
urList.remove (pR) ;

} else { Get recom-
mendations
} from each

engine

pR.setRating (scaledRating) ;

}

// Recommender 3 -- Item based collaborative filtering
scaling = maxR/maxRatingDelphiIR;

scaledThreshold = 0.5 * scaling;

List<PredictedItemRating> irList =
new ArrayList<PredictedItemRatings> (topN) ;

irList = delphiIR.recommend (user, topN) ; <—

for (PredictedItemRating pR : irList)
scaledRating = pR.getRating(6) * scaling;

if (scaledRating < scaledThreshold) {
irList.remove (pR) ;

} else {
pR.setRating(scaledRating) ;

}

}

double urRating=0;
double irRating=0;
double vote=0;

<G

Scaled rating should
be above threshold

P

engine

for (PredictedItemRating uic : uicList) { Get average value

//Initialize
urRating=0; irRating=0; vote=0;

for (PredictedItemRating ur : urList) {
if (uic.getItemId() == ur.getItemId()) {
urRating = ur.getRating(6) ;

}

and scale properly
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}

for (PredictedItemRating ir : irList) ({
if (uic.getItemId() == ir.getItemId()) ({
irRating = ir.getRating(6) ;
}
}

vote = (uic.getRating(6)+urRating+irRating)/3.0d;

recommendations.add (
new PredictedItemRating (user.getId(), uic.getItemId(), vote));

}

rescale (recommendations, maxR) ;

return PredictedItemRating
.getTopNRecommendations (recommendations, topN) ;

}
You can further improve your recommendations by targeting the preferences of each
individual user on MyDiggSpace.com by combining the results obtained in the Digg-
Delphi class and the NaiveBayes classifier that we encountered in chapter 2. For more
details on this approach, see the to-do list at the end of this chapter. Any learning mech-
anism (a number of them are presented in chapter 5) as well as optimization tech-
niques can be employed to enhance the results of the base recommenders. This
approach of combining techniques with an encapsulating learning layer is gaining pop-
ularity and support from both industry leaders and academics (see also chapter 6).
You should, by now, have a good idea about combining recommendation systems
and the interplay of their capabilities in identifying friends and interesting articles for
the users of your web application. The next section will focus on a different example:
the recommendation of movies on a site such as Netflix. The main characteristic of
such examples is the large size of their datasets.

Recommending movies on a site such as Netflix.com

In the introduction, we talked about Netflix, Inc., the world’s largest online movie
rental service, offering more than 7 million subscribers access to 90,000 DVD titles
plus a growing library of more than 5,000 full-length movies and television episodes
available for instant watching on their PCs. If you recall, part of Netflix’s online suc-
cess is its ability to provide users with an easy way to choose movies from an expansive
selection of titles. At the core of that ability is a recommendation system called Cine-
match. Its job is to predict whether someone will enjoy a movie based on how much
he liked or disliked other movies.

An introduction of movie datasets and recommenders

In this section, we’ll describe a recommendation system whose goal is the same as that
of Cinematch. We’ll work with publicly available data from the MovieLens project. The
MovieLens project is a free service provided by the GroupLens research lab at the Uni-
versity of Minnesota. The project hosts a website that offers movie recommendations.
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You can try it out at http://www.movielens.org/quickpick. There are two MovieLens
datasets available on the website of the GroupLens lab.

The first dataset® consists of 100,000 ratings by 943 users for 1,682 movies. The sec-
ond dataset* has one million ratings by 6,040 users for 3,900 movies. The first dataset
is provided with the distribution of this book; please make sure that you read the
license and terms of use. The format of the data is different between the two datasets.
We find the format of the second (1M ratings) dataset more appropriate and conve-
nient; it contains just three files, movies.dat, ratings.dat, and users.dat. However, we
want to use the smaller dataset for efficiency. So, we’ve transformed the original for-
mat of the small dataset (100K ratings) into the format of the larger dataset, for conve-
nience. The original data and the large dataset can be retrieved from the GroupLens
website. You should extract the data inside the C:/iWeb2/data/ch03/MovieLens/
directory; if you don’t then, in listing 3.18, you should alter the createDataset
method so that it takes the path of the data directory as an argument.

Large recommendation systems such as those of Netflix and Amazon.com rely heav-
ily on item-based collaborative filtering (see Linden, Smith, and York). This approach,
which we described in sections 3.2.1 and 3.2.2, is improved by three major components.

The first is data normalization. This is a fancy term for something that’s intuitively
easy to grasp. If a user tends to rate all movies with a high score (a rating pattern that
we adopted for our artificial rating of items in the earlier sections) it makes sense to
consider the relative ratings of the user as opposed to their absolute values.

The second major component is the neighbor selection. In collaborative filtering, we
identify a set of items (or users) whose ratings we’ll use to infer the rating of nonrated
items. So naturally, two questions arise from this mandate: how many neighbors do we
need? How do we choose the “best” neighbors—the neighbors that will provide the
most accurate prediction of a rating?

The third major component of collaborative filtering is determining the neighbor
weights—how important is the rating of each neighbor? Bell and Koren showed that
data normalization and neighbor weight selection are the two most important compo-
nents in improving the accuracy of the collaborative filtering approach.

Let’s begin by describing our Bean Shell script for this example. Listing 3.18 dem-
onstrates how to load the data, create an instance of our recommender (called Movie-
LensDelphi), pick users, and get recommendations for each one of them.

MovieLensDataset ds = MovieLensData.createDataset () ; <— Load Movielens dataset
MovieLensDelphi delphi = new MovieLensDelphi (ds) ; <+— Create recommender
iweb2.ch3.collaborative.model.User ul = ds.getUser (1) ; Pick users and create
delphi.recommend (ul) ; recommendations

3 The URL for the original data is http://www.grouplens.org/system/files/ml-data.tar__0.gz
* The URL for the original data is http://www.grouplens.org/system/files/million-ml-data.tar__0.gz
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iweb2.ch3.collaborative.model.User ul55 = ds.getUser (155) ;
delphi.recommend (uls5) ;

iweb2.ch3.collaborative.model.User u876 = ds.getUser (876) ;
delphi.recommend (u876) ;
The first user could’ve been any user, so we picked the user whose ID is equal to 1. The
other two users were identified by executing the command Delphi.findSimilarUs-
ers(ul) ;. We did this so that we can quickly check whether our recommendations
make sense. It’s reasonable to expect that if two users are similar and neither has seen
a movie, then if a movie is recommended to one of them, there’s a good chance that
it'll be recommended to the other user too. Figure 3.12 shows the results that we get
when we run the script and corroborates this sanity check.

These datasets aren’t as large as the ones that can be found in the Amazon.com or
the Netflix applications, but they’re certainly much larger than everything else that

bsh % iweb2.ch3.collaborative.model.User ul = ds.getUser(1l);
bsh % delphi.recommend (ul) ;

Recommendations for user 1:

Item: Yojimbo (1961) , predicted rating: 5.000000
Item: Loves of Carmen, The (1948) , predicted rating: 4.303400
Item: Voyage to

the Beginning of the World (1997) , predicted rating: 4.303400
Item: Baby, The (1973) , predicted rating: 4.303400
Item: Cat from Outer Space,

The (1978) , predicted rating: 4.123200

bsh % iweb2.ch3.collaborative.model.User ul55 = ds.getUser (155) ;
bsh % delphi.recommend (ul55) ;

Recommendations for user 155:

Item: Persuasion (1995) , predicted rating: 5.000000
Item: Close Shave, A (1995) , predicted rating: 4.373000
Item: Notorious (1946) , predicted rating: 4.181900
Item: Shadow of a Doubt (1943) , predicted rating: 4.101800
Item: Crimes and Misdemeanors (1989) , predicted rating: 4.061700

bsh % iweb2.ch3.collaborative.model.User u876 = ds.getUser(876) ;
bsh % delphi.recommend (u876) ;

Recommendations for user 876:

Item: Third Man, The (1949) , predicted rating: 5.000000
Item: Bicycle Thief,

The (Ladri di biciclette) (1948) , predicted rating: 4.841200
Item: Thin Blue Line, The (1988) , predicted rating: 4.685600
Item: Loves of Carmen, The (1948), predicted rating: 4.600200
Item: Heaven's Burning (1997) , predicted rating: 4.600200

Figure 3.12 Recommendations from the MovieLensDelphi recommender based on the MovieLens dataset
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we’ve presented so far, and large enough to be realistic. Running the script for the
small MovieLens dataset (100K ratings) will take anywhere between 30 seconds to a
minute simply to create the recommender. During that time, the recommender does
a lot of processing, as we’ll see. The recommendations themselves are relatively fast,
typically under one second.

Data normalization and correlation coefficients

As promised, in the example for this section, we enriched our collaborative filtering
approach by introducing two new tools. The first is data normalization and the second
a new similarity measure for capturing the correlation between items. The new simi-
larity measure is called the linear correlation coefficient (also known as the product-moment
correlation coefficient, or Pearson’s r). Calculating that coefficient for two arrays x and y is
fairly straightforward. Listing 3.19 shows the three methods responsible for that calcu-
lation.

public double calculate() {

if(n==0) {
return 0.0;
1
double rho=0.0d;
double avgX = getAverage (X) ; Calculate average
double avgY = getAverage (y) ; values for each vector

double sX = getStdDev (avgX, x) ; Calculate standard
double sY = getStdDev (avgyY,y) ; deviations for each vector
double xy=0;

for (int i=0; i <n; i++) {

xy += (x[i] -avgX) * (y[i] -avgY) ; o

if ( X == ZERO || sY == ZERO) { (2]

double indX = ZERO;
double indY = ZERO;

for (int i=1; i <n; i++) {

indX += (x[0]-xI[1]);
indY += (y[0]-y[i]);

}

if (indX == ZERO && indY == ZERO) {
// All points refer to the same value
// This is a degenerate case of correlation
return 1.0;
} else {
//Either the values of the X vary or the values of Y
if (sX == ZERO) {
sX = sY;
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} else {
sY = sX;
1

1

} The value of

9
rho = xy / ((double)n* (sX*sY)) ; Pearson’s r

return rho;

}

private double getAverage (double[] v) {
double avg=0;

for (double xi : v ) {
avg += xi;
}

return (avg/ (double)v.length) ;

}

private double getStdDev (double m, doublel[] v) {
double sigma=0;

for (double xi : v ) {
sigma += (xi - m)*(xi - m);
1

return Math.sgrt (sigma / (double)v.length) ;
}
© is the cross product calculation of the pointwise deviations from the mean value. @
is a special (singular) case, where all the points have the exact same values for either X
or Y, or both. This case must be treated separately because it leads to division by zero.

The method getAverage is self-explanatory; it calculates the average of the vector
that’s provided as an argument. The getStdDev method calculates the standard devia-
tion for the data of the vector that’s passed as the second argument; the first argument
of the method ought to be the average. There’s a smarter way to do this that avoids a
plague of numerical calculations called the roundoff error; read the article on the cor-
rected two-pass algorithm by Chan, Golub, and LeVeque.

Calculating similarity based on Pearson’s correlation is a widely used metric that
has the following properties:

= Whenever it’s equal to zero, the two items are (statistically) uncorrelated.

= Whenever it’s equal to 1, the ratings of the two items fit exactly onto a straight
line with positive slope; for example, (1,2), (3,4), (4,5), (4,5), where the first
number in parentheses denotes the rating of the first item while the second
number denotes the rating of the second item. This is called complete positive cor-
relation. In other words, if we know the ratings of one item, we can infer the rat-
ings of the other with high probability.

= Whenever it’s equal to -1, the ratings of the two items fit exactly onto a straight
line but with negative slope; for example (1,5), (2,4), (3,3), (4,2). This is called
complete negative correlation. In this case too, we can infer the ratings of one item
based on those of the other item, but now whenever the ratings for the first
item increase, the ratings for the second item will decrease.
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If the items are correlated linearly, the linear correlation coefficient is a good measure
for the strength of that correlation. In fact, if you fit a straight line to your dataset then
the linear correlation coefficient reflects the extent to which your ratings lie away
from that line. But not everything fits that rosy picture. Unfortunately, this metric is a
rather poor measure of correlation if no correlation exists! Say what? Yes, that’s right.

A celebrated counterexample is known as the Anscombe’s quartet. Figure 3.13
depicts Anscombe’s quartet for four different pairs of values; this plot is available on
Wikipedia, in SVG format, at http://en.wikipedia.org/wiki/Image:Anscombe.svg.

In plain terms, if you plot the ratings between two items against each other, and the
plot is similar to the upper-left graph of figure 3.13, the linear correlation coefficient is
a meaningful metric. In the other graphs, Pearson’s correlation has the same value but
its significance is questionable; the datasets are carefully crafted so that they also have
the same mean, the same standard deviation, and the same linear fit (y = 3 + 0.5*x). This
inability to determine the significance of the linear (Pearson) correlation coefficientled
people to a different kind of similarity metric called nonparametric correlation. There are
two popular nonparametric correlation coefficients: the Spearman rank-order correla-
tion coefficient (rs) and the Kendall’s tau (T). These metrics trade some loss of infor-
mation for the assurance that a detected correlation is truly present in the data when
the values of the metrics indicate so. We discuss nonparametric correlation in the to-do
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Figure 3.13 Anscombe’s quartet: Four datasets that have the same Pearson’s correlation but
different distributions
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section because in many cases the distribution of ratings will look like the graph in the
lower-right corner. Nevertheless, from now on, we’ll assume that whenever the item rat-
ings are correlated, they’re linearly correlated and we can safely use Pearson’s correla-
tion. You can find more information about the nonparametric correlations in the
references section.

Having discussed the new possibilities that the linear coefficient (Pearson’s r) and
the nonparametric correlations offer for evaluating similarities, we’ll proceed by show-
ing you one way of achieving data normalization. Listing 3.20 shows code that does
just that; it’s one of the constructors for the class PearsonCorrelation. The first argu-
ment provides a reference to the original dataset, and the other two are references to
the items whose correlation we want to calculate. As you can see, the arrays that are
constructed for calculating the Pearson correlation don’t refer to the ratings of each
user, as they were recorded, but rather to a new set of data in which we’ve subtracted
the average rating of an item from the user’s ratings. Clearly, this isn’t the only way of
achieving data normalization. Bell and Koren describe sophisticated data normaliza-
tion techniques as applied to the Netflix prize dataset.

public PearsonCorrelation(Dataset ds, Item iA, Item iB) {

double aAvgR = iA.getAverageRating() ;
double bAvgR = iB.getAverageRating() ;

Integer[] uid = Item.getSharedUserIds (iA, iB);
n = uid.length;

x = new double[n] ;
y = new double[n] ;

User u;

double urA=0;
double urB=0;

for (int i=0; i<n; i++) {

u = ds.getUser (uid[il) ;

urA = (double) u.getItemRating(iA.getId()) .getRating() ;
urB = (double) u.getItemRating(iB.getId()) .getRating() ;
x[1] = urA - aAvgR;

y[i] = urB - bAvgR;
}
}
Data normalization and the use of Pearson’s correlation are incorporated in the
PearsonCorrelation class, and their use is encapsulated by the MovieLensItemSimi-
larity class. For that reason, the MovieLensDelphi class is slightly different from the
other Delphi-type classes. The code in listing 3.21 highlights these differences.
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Listing 3.21 Calculation of a rating involves data renormalization and rescaling

private double estimateItemBasedRating (User user, Item item) {
double itemRating = item.getAverageRating() ;

int itemId = item.getId() ;
int userId = user.getId();

double itemAvgRating = item.getAverageRating() ;
double weightedDeltaSum = 0.0;

int sumN=0;

// check if the user has already rated the item
Rating existingRatingByUser = user.getItemRating(item.getId()) ;

if (existingRatingByUser != null) ({
itemRating = existingRatingByUser.getRating() ;
} else {
double similarityBetweenItems = 0;

double weightedDelta = 0;

double delta = 0; Iterate through

for (Item anotherItem : dataSet.getItems()) { all items
// only consider items that were rated by the user
Rating anotherItemRating =

anotherItem.getUserRating (userId) ; Perform data

if (anotherItemRating != null) { renormalization

delta = itemAvgRating - anotherItemRating.getRating() ;

similarityBetweenItems =
itemSimilarityMatrix.getValue (itemId, anotherItem.getId()) ;

if (Math.abs(similarityBetweenItems) >

similarityThreshold) { (1) Get similarity
between two
weightedDelta = similarityBetweenItems * delta; items

weightedDeltaSum += weightedDelta;

sumN++ ;

}
}
}

if (sumN > 0) {
itemRating = itemAvgRating -

(weightedDeltaSum/ (double) sumN) 0
1

1

return itemRating;

}

public List<PredictedItemRating> getTopNRecommendations (
List<PredictedItemRating> recommendations, int topN) {
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PredictedItemRating.sort (recommendations) ;

double maxR = recommendations.get (0) .getRating() ;
double scaledR;

List<PredictedItemRating> topRecommendations =
new ArraylList<PredictedItemRatings () ;

for (PredictedItemRating r : recommendations) {

if ( topRecommendations.size() >= topN ) {
// have enough recommendations.
break;

}

scaledR = r.getRating() * (5/maxR) ;
r.setRating(scaledR) ;

topRecommendations.add (r) ;

}

return topRecommendations;
}
We weigh the deviation @ from the mean value based on the similarity of the two
items and assign @ a rating based on the item’s mean value and the sum of weighted
deviations.

Data renormalization refers to the fact that our similarities were built around the
item’s average rating, so in order to calculate the predicted item rating, we need to
renormalize from differences (delta) to actual ratings. One drawback of this kind of
data normalization is that the maximum value of the predicted rating can fall outside
the range of the acceptable values. Thus, a rescaling of the predicted ratings is
required, as shown inside the method getTopNRecommendations.

Large-scale implementation and evaluation issues

Commercial recommendation systems operate under demanding conditions. The
number of users is typically on the order of millions, and the number of items on the
order of hundreds of thousands. An additional requirement is the capability to pro-
vide recommendations in real-time (typically, subsecond response times) without sac-
rificing the quality of the recommendations. As we’ve seen, by accumulating ratings
from each user, it’s possible to enhance the accuracy of our predictions over time. But
in real life, it’s imperative that we give excellent recommendations to new users for
which, by definition, we don’t have a lot of ratings. Another stringent requirement for
state-of-the-art recommendation systems is the ability to update their predictions
based on incoming ratings. In large commercial sites, there may be thousands of rat-
ings and purchases that take place in a few hours, and perhaps tens of thousands in
the course of a single day. The ability to update the recommendation system with that
additional information is important and must happen online—without downtime.
Let’s say that you wrote a recommender and you’re satisfied with its speed and the
amount of data that it can handle. Is this a good recommender? It’s not useful to
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have a fast and scalable recommender that produces bad recommendations! So, let’s
talk about evaluating the accuracy of a recommendation system. If you search the
related literature, you’ll find that there are dozens of quantitative metrics and several
qualitative methods for evaluating the results of recommendation systems. The pleth-
ora of metrics and methods reflects the challenges of conducting a meaningful, fair,
and accurate evaluation for recommendations. The review article by Herlocker,
Konstan, Terveen, and Riedl contains a wealth of information if you're interested in
this topic.

We’ve written a class that evaluates our recommendations on the MovieLens data
by calculating the root mean square error (RMSE) of the predicted ratings. The RMSE is a
simple but robust technique of evaluating the accuracy of your recommendations.
This metric has two main features: (1) it always increases (you don’t get kudos for pre-
dicting a rating accurately) and (2) by taking the square of the differences, the large
differences (>1) are amplified, and it doesn’t matter if you undershoot or you over-
shoot the rating.

We can argue that the RMSE is probably too naive. Let’s consider two cases. In the
first case, we recommend to a user a movie with four stars and he really doesn’t like it
(he’d rate it two stars); in the second case, we recommend a movie with three stars but
the user loves it (he’d rate it five stars). In both cases, the contribution to the RMSE is
the same, but it’s likely that the user’s dissatisfaction would probably be larger in the
first case than in the second case; we know that our dissatisfaction would be!

You can find the code that calculates the RMSE in the class RMSEEstimator. List-
ing 3.22 shows you how you can evaluate the accuracy of our MovieLensDelphi

recommender.

MovieLensDataset ds = MovieLensData.createDataset (100000) ; Create the

MovieLensDelphi delphi = new MovieLensDelphi (ds) ; dataset but
reserve

RMSEEstimator rmseEstimator = new RMSEEstimator () ; 100,000
ratings for

rmseEstimator.calculateRMSE (delphi) ; testing

We create a dataset that excludes 100K ratings from the one million ratings that are
available in the large MovieLens dataset @. The recommender will train on the
remaining 900K ratings and be evaluated on the 100K ratings; the rest of the script is
self-explanatory. If you run this with the code that we’ve described in this section then
your RMSE should be equal to 1.0256. This isn’t a bad RMSE but it’s not very good
either. We highly recommend that you improve on that result and set as your goal an
RMSE that’s below 1. As a relative measure of success, we should mention that the best
teams that compete for the Netflix prize have an RMSE that is between 0.86 and 0.88.
So, even though the dataset is different, don’t be disappointed if your improvements
bring your RMSE to be approximately equal to 0.9—it would be a great success for you
and for us!
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Summary

In this chapter, you've learned about the concepts of distance and similarity between
users and items. We’ve seen that one size doesn’t fit all, and we need to be careful in
our selection of a similarity metric. Throughout the chapter we encountered several
metrics: the Jaccard metric, the Pearson correlation, and variants of these metrics that
we introduced. Similarity formulas must produce results that are consistent with a few
basic rules, but otherwise we’re free to choose the ones that produce the best results
for our purposes.

We discussed the two broad categories of techniques for creating recommenda-
tions—collaborative filtering and the content-based approach. We walked through the
construction of an online music store that demonstrated the underlying principles, in
detail but with clarity. In the process of building these examples, we’ve created the
infrastructure that you need for writing a general recommendation system for your
own application.

Finally, we tackled two more general examples. The first example was a hypotheti-
cal website that used the Digg API and retrieved the content of our users for further
analysis of similarity between them, and in order to provide unseen article recommen-
dations to them. In this example, we pointed out the existence of second-order
effects, and by extension of higher-order effects, and we suggested a way to leverage them
in order to improve the accuracy of our recommendations. Our second example dealt
with movie recommendations and introduced the concept of data normalization, as
well as the popular linear (Pearson) correlation coefficient. In the latter context, we
also introduced a class that evaluates the accuracy of our recommendations based on
the root mean squared error.

In both examples, we demonstrated that as the complexity and the size of the
problem increase, it becomes imperative to leverage the combination of techniques
for improving the efficiency and quality of our recommendations. Thus, we discussed
the possibility of reusing what you learning from user clicks in the example of
MyDiggSpace.com. This is a theme that we’ll encounter throughout this book—the
combination of techniques that capture different aspects of our problem can, and
often does, result in recommendations of higher accuracy.

In the next chapter, we’ll encounter another family of intelligent algorithms: clus-
tering algorithms. Nevertheless, if you haven’t worked on the to-do topics yet then you
might want to have a look at them now, while all the recommendation related mate-
rial still reverberates in your mind.

To Do

1 Similarity metrics. Implement the Jaccard similarity for the MusicUsers. What
differences do you observe? A variation of the Jaccard metric is the Tanimoto met-
ric, which is more appropriate for continuous values. The Tanimoto metric is
equal to the ratio of the intersection of two sets (Ni = [ XNY]) over the union
(Nu = |X]| + |Y]) minus the intersection—T = Ni/(Nu-Nji).
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For example, if X = {baseball, basketball, volleyball, tennis, golf} and Y =
{baseball, basketball, cricket, running} then the Tanimoto metric has a value
equal to 2/((5+4)-2), which is approximately equal to 0.2857. Work out the for-
mula in the case of vectors (Java arrays double [] x and double[] y). Hint: the
intersection corresponds to the inner product of the two vectors and the union
to the sum of their magnitudes.

Another interesting similarity measure is the city block metric. Its name stems
from the fact that the values of the vectors, X and Y, are assumed to be coordi-
nates on a multidimensional orthogonal grid. When the vectors are two-dimen-
sional, it resembles the way that a taxi driver would give you instructions in a
city: “the Empire State Building is two blocks south and three blocks east from
here.” If you like that metric or want to study the cases where it’s most applica-
ble, Taxicab Geometry: An Adventure in Non-Fuclidean Geometry by Eugene F.
Krause provides a detailed exposition.

Varying the range of prediction. Did you ever wonder why various websites want
you to rate movies, songs, and other products by assigning one integer value
between 1 and 5 (inclusive)? Why not pick a value between 1 and 10? Or even
between 1 and 100? Wouldn’t that give you more flexibility to express the
degree of your satisfaction with the product? To take this one step further, why
not rate different aspects about a product? In the case of a movie, we could rate
the plot, the performance of the actors, the soundtrack, and the visual effects.
You can extend the code that we presented in this chapter and experiment
along these lines. Can you identify any potential issues?

Improving recommendations through ensemble methods. A technique that’s becom-
ing increasingly popular consists of combining independent techniques in
order to improve the combined recommendation accuracy. There are many
good theoretical reasons for pursuing ensemble methods; if you're interested
in that topic, you could read the article by Dietterich. In addition to theory,
there’s empirical evidence that ensemble methods may produce better results
than individual techniques. Bell and Korren are leading the Netflix prize com-
petition (at the time of this writing), and their assessment was the following:
“We found no perfect model. Instead, our best results came from combining
predictions of models that complemented each other.”

How about combining some of the recommenders that we’ve given you in
this chapter, as well as those that you may invent, and comparing their results to
the results of each individual recommender? If the results are better, your
“soup” worked! If not, investigate what recommenders you used and to what
extent they capture a different aspect of the problem.

Minimizing the roundoff error. As you may know, the typical numerical types in
Java and most other languages store the values with finite precision. The repre-
sentation of an integer or long number is exact, even though the range of their
values is finite and determined by the number of bits associated with each type.
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But enter floating-point arithmetic (£loat and double) and a number of issues
crop up due to the inexactness of the numerical representations. At best, you
don’t have to worry about them, and at worst, you can use double throughout.

Nevertheless, in intelligent applications, the heavy use of numerical calcula-
tions requires that you be aware of the implications that the finite precision of
real numbers has on the result of computations, especially the results that are
produced as a result of accumulations or multiplications with very small or
large numbers. Let’s consider the roundoff error mentioned in the evaluation
of the standard deviation of the class PearsonCorrelation. The smallest float-
ing-point number that gives a result other than 1.0, when added to 1.0, is called
the machine accuracy (€). Nearly every arithmetic operation between floating
numbers introduces a fractional error on the order of magnitude of €. That
error is called the roundoff error.

Read the article on the corrected two-pass algorithm of Chan, Golub, and

LeVeque, and implement the computation of the standard deviation accord-
ingly. You can also find a brief description of this algorithm in the monumental
Numerical Recipes: The Art of Scientific Computing. Do you see a perceptible differ-
ence in the outcome? What do you think will happen if you use sets that are
even larger than the ones considered in this book? Note that the main points of
the algorithm apply equally well in the computation of the RMSE that we con-
ducted for evaluating the accuracy of our recommendations.
Nonparametric or rank correlation. Correlations that belong in this category are
useful if you have reason to question the validity of the linearity assumption
underlying the Pearson correlation metric. You can create new similarity classes
based on this type of metric, which trade off some information about the data
for an assurance about the presence of a true correlation between two sets of
data—in our case, two sets of ratings. The main idea behind nonparametric cor-
relation is substituting the values of a variable with the rank of that value in the
dataset. The best-known nonparametric correlation coefficients are the Spear-
man rank-order correlation coefficient (rs) and the Kendall’s tau (T). You can read all
about these coefficients in the masterly written book Numerical Recipes: The Art of
Scientific Computing.

In the case of movie ratings from 1 to 5, you’ll get a lot of conflicts in the
rank of values; for example, there will be a lot of movies whose value will be
exactly 4. But this presents an opportunity to be creative about using these cor-
relations. What if you use the time of the rating to break the tie of the values?
Implement such an approach and compare with the results that you get from
using the plain vanilla Pearson’s correlation.
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